This paper examines the trends in geographic localization of knowledge spillovers via patent citations, extracting multiple cohorts of new sample US patents from the period of 1976-2015. Despite accelerating globalization and widespread perception of the "death of distance," our matched-sample study reveals significant and growing localization effects of knowledge spillovers at both intra-and international levels after the 1980s. Increased localization effects have been accompanied by greater heterogeneity across states and industries. The results are robust to various methods of proxying the existing geography of knowledge production.
Introduction
Knowledge spillovers are a prevalent and important component of the link between innovation and growth (Griliches, 1992) . While numerous studies have found geography to be a barrier to the diffusion of ideas (e.g. Carlino and Kerr, 2015) , there is a presumption that place has been becoming less important over time with improvement in communication and transport links, as poignantly echoed by the notion of the "death of distance" (e.g. Cairncross, 2001; Coyle, 1997) .
To scrutinize the evolving role of distance in knowledge spillovers, we examine patent citations within and across the US during the period of 1976-2015. Our analysis adopts the matched-sample approach of Jaffe, Trajtenberg, and Henderson (1993) (henceforth JTH) for four separate cohorts of "originating" patents, each consisting of all corporate and institutional utility patents granted by the US Patent and Trademark Office (USPTO) in 1976 , 1986 , 1996 , and 2006 patents are found over fixed 10-year window, and multiple measures of technological proximity are considered for control selectionà la Thompson and Fox-Kean (2005) (henceforth TFK).
The frequency of geographic match between originating and citing patents is compared to the corresponding matching rate between originating and control patents for each pair of geographic boundary (country, state, or metropolitan statistical area) and industry sector (one of 37 sub-categories defined by NBER). The difference in these matching rates gives a measure of how distance matters for the spread of knowledge while accounting for the existing spatial distribution of knowledge production. 1 The results on the 1976 cohort are similar to those obtained by JTH and TFK. The difference between the two matching rates decreases with the level of disaggregation in defining technological proximity between citing and control patents. In particular, as TFK observe, intra-national (net) localization effects disappear when a match at the nine-digit class level is imposed across each originating-citing-control triad of patents. 2 This reaffirms the importance of the matching process between citing and control patents for the identification of localization effects.
1 While we follow JTH and others to consider discrete geographic boundaries, Murata, Nakajima, Okamoto, and Tamura (2014) recently adopt the continuous-distance metric of Duranton and Overman (2005) to calculate localization effects. See also Carlino, Carr, Hunt, and Smith (2012) and Kerr and Kominers (2015) who use the method in other related contexts. 2 One important difference is that our cohort consists of patents granted in all of year 1976, as opposed to just one month (January) taken by TFK. This has mitigated the sample size issue pointed out by Henderson, Jaffe, and Trajtenberg (2005) .
In terms of trends, we find that (i) the matching rate between citing and originating patents has grown at all levels of control and spatial boundary since the 1986 cohort; (ii) the matching rate between control and originating patents has increased at intra-national levels but decreased at international level. The latter finding suggests that concentration of innovation activities has intensified within the US, consistent with other observations on the trends of industrial agglomeration (e.g. Moretti, 2012) , but international border effect, or "home bias," has deepened only for diffusion of innovation.
More importantly, our data reveal evidence of highly significant localization effects at every unit of analysis since the 1986 cohort; moreover, the extent of such effects has been growing. Spread of ideas has indeed become increasingly more localized than production of ideas, contrary to the common expectation otherwise. This finding is robust to further controls, including restriction to most cited patents to account for widely perceived decline in patent quality.
We also compute localization effects across all US states as well as six industry categories. The rise in localization effects has been accompanied by greater heterogeneity in matching rates at both state and industry levels. In particular, we see growing importance of California and few other states as a driving force behind the aggregate trends, in line with others who have also shown stronger localization effects in certain regions (e.g. Almeida and Kogut, 1999) .
While a number of recent studies report increasing spatial inequality in the US (e.g. Bishop, 2009; Moretti, 2012; Gyourko, Mayer, and Sinai, 2013) , only few have thus far addressed the changing role of geographic proximity in knowledge spillovers. Among these, we are most closely related to Sonn and Storper (2008) .
While Sonn and Storper (2008) draw similar conclusions, their analysis is based on patents only up to 1997, and it is precisely around this period when the IT revolution took off and, moreover, we began to see a meteoric rise in both the number of inventions and the diversity of inventors (e.g. Kwon, Lee, and Lee, 2017) . Another important difference is that Sonn and Storper select control patents only at the three-digit primary level, but as TFK note, the results are sensitive to the level of disaggregation. This paper finds growing localization effects that persist through the most recent decades and are robust to multiple proxies for the existing distribution of knowledge production.
It is worth emphasizing our empirical contribution at this juncture. Following the debate between JTH and TFK, a number of attempts have been made recently to improve the fidelity of matching citing with control patents. In particular, "coarsened exact matching" allows for multiple covariates beyond just technology class. However, related papers that measure spillover effects (e.g. Singh and Agrawal, 2011; Azoulay, Graf Zivin, and Sampat, 2012) are still based on three-digit level matches; they neither consider nine-digit subclasses nor impose the additional match between control and originating patents. But it is precisely this last method with which TFK, and also this paper, question JTH's result and therefore its application is critical for any robust analysis. To our knowledge, we are the first to fully replicate TFK's methodology, and this is achieved with samples that are far greater than those constructed by TFK (or the aforementioned papers using more sophisticated matching techniques). 3 Our results suggest that the rise of localization effects is indeed a robust finding.
Two papers consider the trends of home bias across national boundaries. Keller (2002) estimates an R&D production function with R&D of other countries as explanatory variable. His results show that the importance of foreign R&D has fallen over the years 1970-1995, suggesting faster diffusion of knowledge across borders. Griffith, Lee, and Van Reenen (2011) examine a panel of USPTO patents granted and citations made to these patents between 1975 and 1999. Using a duration model, they estimate the speed of citations and find evidence of declining "diffusion lag" between domestic and foreign citations.
Regarding intra-national localization trends, Lychagin, Slade, Pinkse, and Van Reenen (2016) examine R&D spillovers into US-based firm productivity over the period 1980-2000 and find no evidence of the "death of distance." Using economics and finance articles published over 1970 -2001 , Kim, Morse, and Zingales (2009 report evidence of declining local spillover benefits among top US universities.
Our findings stand in sharp contrast to these results. At both intra-and international levels, we observe increasing importance of geographic proximity in knowledge spillovers. One source of the departure may be the measure of diffusion. More importantly, the aforementioned papers (as well as most of the existing literature on knowledge spillovers) are based on datasets that do not include the most recent decades. The surge in patent production during this period makes it particularly important to exploit observations beyond the existing literature.
The rest of the paper is organized as follows. We begin by describing the USPTO data in Section 2 and then our sample patents in Section 3. Our main findings on the trends of localization effects are presented in Sections 4 and 5. Section 6 concludes with a discussion on potential sources of our findings. Appendices contain materials left out from the main text for expositional reasons.
Patent Data
The patent dataset used in this paper is directly extracted from the USPTO bulk data which contain information on all utility patents granted from January 1976 up to, and including, May 2015. The data include patent number, application date, main and additional technology classifications, name of assignee, names and locations of inventors, and patent numbers of cited patents. 4 Every patent is endowed with a single mandatory "original" (OR) classification and additional "cross-reference" (XR) classifications. The US patent classification (USPC) system is a tree structure consisting of distinct, and mutually exclusive, technology "classes" and "subclasses" that are nested under their parent (sub)classes. 5 For utility patents, classes are identified by a one-, two-, or three-digit integer; each subclass is identified by an additional "indent," indicating its position within a class hierarchy, and a subsequent alphanumeric code. The most disaggregated level of subclasses has nine alphanumeric digits. A group of subclasses are classified as "primary subclasses," and the mandatory original classification must belong to this group.
Our dataset, unsurprisingly, reveals substantial growth in technological diversity. Among all the patents granted between 1976-1985 we found 113729 distinct subclasses, and this number increased to 239233 over the entire sample period. 6 Despite this expansion of technological spectrum, the level of specialization has been relatively stable. On average, a patent granted in 1976 received about 3.6 subclass classification codes. It was about 4 for a patent granted in 2006.
For the purpose of our study, it is necessary to assign a geographic location to each patent, based on inventor location. As in JTH and TFK, our analysis is conducted at three different geographic levels: country, state, and CMSA (consolidated metropolitan statistical area). Since patents report inventor location only in terms of country, state and city, each patent is mapped to one of 17 CMSAs, 7 or a "phantom" CMSA created 4 We obtained the bulk data for the period 1976-2014 from https://www.google.com/googlebooks/ uspto-patents-grants-biblio.html and the data for 2015 from https://bulkdata.uspto.gov/. The data and replication files that support the findings of this study are available in Harvard Dataverse at https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/42VDB0. for foreign countries and each state. 8 If a patent is produced by a single inventor or by a group of inventors who reside in the same location, the location of the patent is unambiguously determined. For patents with multiple inventor locations, we randomly assigned a unique location, as done also by TFK. 9 Table A1 in Appendix A breaks down all utility patents granted by USPTO during the sample period according to their locations, defined as domestic or foreign, and as states.
Sample Patents
We adopt the experimental design of JTH to document the trends in geographic localization of knowledge spillovers. This is based on constructing three samples of patents: originating, citing, and control patents. As in TFK, we consider patents assigned to corporation or institution. The USPTO bulk data contain some patents with typographical errors as well as missing information. We remove such patents in obtaining our sample patents.
Originating Patents. A sample of "originating patents" consists of a fixed cohort of patents. Two cohorts of such patents (whose application dates were in 1975 and in 1980) were considered by JTH, and one cohort of patents (granted during January 1976) was used by TFK.
In this study, we construct four cohorts of originating patents: all relevant patents granted in 1976, 1986, 1996 and 2006 with at least one US-located inventor based on the location data before the CMSA mapping. An originating patent must be assigned to a corporation or institution distinct from its inventor.
The 1976 cohort is included to re-examine the previous analyses of JTH and TFK. The sample sizes of the two cohorts of originating patents in JTH were 950 and 1450, respectively, while the corresponding sample size in TFK was 2724. The sample sizes of our four cohorts of originating patents are 44016, 38160, 61581, and 80495, respectively.
Citing Patents. A sample of "citing patents" is constructed for each cohort of originating patents by collecting all patents that cite at least one of the originating patents within a fixed window of periods, excluding self-citations. 10 In JTH, the 1975 and 1980 8 For a very small number of domestic patents (0.2%), this mapping resulted in two CMSAs. The final CMSA was chosen randomly in these cases.
9
JTH used a different method based on plurality. Our main message remains unchanged by adopting this rule. See Section 4.3 for a discussion.
10
A self-citation is defined as a citation from a citing patent whose assignee is the same as that of the corresponding originating patent.
originating cohorts received 4750 and 5200 citations, respectively, by the end of 1989. TFK obtained 18551 citing patents granted between January 1976 and April 2001.
A citing patent has application date within 10 years of each cohort, including the year in which originating patents were granted. 11 This ensures that the citing patents do not overlap across different cohorts. We found 131263 citing patents for the 1976 cohort, 229690 for the 1986 cohort, 928693 for the 1996 cohort, and 684711 for the 2006 cohort. Table A2 in Appendix B summarizes some descriptive statistics about citations made to our originating patent cohorts. High proportions of patents received citations for all cohorts. The average citation numbers in recent cohorts are substantially larger than in the 1976 cohort.
Control Patents. Key to JTH's experimental design of knowledge spillovers is the construction of a set of "control patents" for each sample of citing patents to mimic the existing geographic distribution of knowledge production. Geographic match of patents may arise as a consequence of agglomeration of research activities in similar fields. The patent classification system offers possible channels for selecting control patents. The basic idea is to pick, for each citing patent, another patent that (i) has similar application date and (ii) is classified under the same technology (sub-)class as the citing patent, as well as possibly the originating patent. Such a procedure would generate a sample of patents that mirror the sample of citing patents but do not cite the corresponding originating patents.
We consider the following four measures of technological proximity to obtain robust observations. The first control measure, which was originally used by JTH, finds a technology match at the level of "three-digit" class; the next three are the disaggregated controls introduced by TFK, with increasing level of disaggregation.
A. [3-digit]
A control patent has a technology subclass that matches the original classification of the citing patent at the three-digit level. 12 B.
[Any] A control patent has a technology subclass that matches the original classification of the citing patent in full. C.
[Primary] A control patent has original classification (a primary subclass) that matches the original classification of the citing patent.
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One exception is the 2006 cohort, for which the citing patents were collected only up to, and including, May 2015. From June 2015, USPTO began a new system of patent classification, Cooperative Patent Classification (CPC), in an effort to harmonize its classification system with the European Patent Office (EPO). There were total 67576 patents granted between June and December 2015 that cite the 2006 originating patents. This amounts to only a small fraction of all citing patents since 2006.
12
When two patents are said to match at the "three-digit" level, it means that both patents are given a subclass whose parent class (first one-, two-, or three-digit integer of the classification code) is identical.
D. [Common]
A control patent has original classification that matches the original classification of the citing patent and a technology subclass that matches any subclass of the corresponding originating patent.
For each measure of technological proximity above, we picked a control patent randomly from all candidate patents whose application dates fell within one-month (30 days) on either side of the application date of the citing patent; if no admissible patent was found, we widened the window to 3 months (90 days) and then to 6 months (180 days). If no control patent was found after three such rounds, a null observation was returned. 13 Our selection procedure was implemented by Python algorithms.
In addition, control patents satisfy the following criteria:
• A control patent has corporation or institution assignee and CMSA information.
• The corresponding citing patent cites an originating patent that has CMSA information, at least one US inventor, is assigned to a corporation or an institution, and has NBER class information.
• The corresponding citing patent has corporation or institution assignee, CMSA information, and USPC class information.
Trends in Geographic Localization
4.1. Methodology. The main idea of JTH is to compare the location of the citing patent with the cited originating patent. However, such geographic match should not necessarily be taken as direct evidence of knowledge spillovers because innovators in particular fields may tend to colocate. If half of the world production of novel semi-conductor technologies hail from Korea then one might also expect half of the citations made to Korean semiconductor patents come from other inventors in Korea. The selection of control patents serves to provide a reference point against which to compare the proportion of citing patents that match the cited patents geographically. Specifically, for each definition of geographic boundary, we test whether the frequency of geographic match (i.e. identical inventor location) between originating and citing patents is equal to or larger than the matching rate between originating and control patents. Formally, for given geographic boundary (country, state, or CMSA) and for given cohort, let p citing ij denote the matching probability between originating and citing patents in state i and industry sector j, and p control ij denote the matching probability 13 Appendix C presents the number of control patents found at each round of iteration for each pair of originating and citing patent samples.
between originating and control patents. We consider the 50 US states plus the District of Columbia and the 37 industrial sub-categories under NBER classification. 14 The overall matching probability can be written as a weighted average of state-sectorlevel matching rates. This corresponds to
) is the number of citing (control) patents in state i and sector j divided by the total number of such patents, and I and J are the total numbers of states and sectors, respectively. We can also define the matching rates for each state i, p citing i and p control i , and for each sector j, p citing j and p control j .
As in JTH and TFK, we are primarily concerned with the difference p citing − p control in the two matching rates, which will be referred to simply as the localization effect (of knowledge spillovers). We test H 0 : p citing = p control versus H 1 : p citing > p control for each cohort and for each definition of geographic boundary. The test statistic used in the paper is . We similarly define p control and SE( p control ). Our statistical analysis is conducted at the state-sector level, and this differs from JTH and TFK who treat all individual patents as independent and identically distributed.
The key advantage of our group level analysis is that, by doing so, we maintain the effective sample size fixed, at I × J, throughout the cohorts. Replicating the individual level analysis over time could potentially suffer from the effects of increasing sample size. The numbers of our sample patents in 1996 and 2006 are far greater than the corresponding number in 1976. Note also that the clustered standard errors allow for arbitrary dependence within each group.
Main Findings.
In this section, we report the aggregate citing and control matching rates across cohorts. We begin by summarizing our results for the 1976 cohort of patents.
Finding 1. Localization effects of knowledge spillovers in 1976-1985 are sizable at all location and control levels, except at intra-national (state and CMSA) levels under the most disaggregated level of control.
In the 1976 cohort of patents, the geographic matching rates between originating and citing patents are considerably higher than the corresponding rates between originating and control patents at all geographic levels (country, state, and CMSA) and for all control measures, except at the two intra-national levels under the most disaggregated control group (Common). 16 These results are consistent with the main findings of TFK: even with large samples, using finer selection criteria increases the matching rate of control patents to the extent that the sizable localization effect disappears altogether (its magnitude is less than 1 percentage point) when we control for technological proximity across all originating-citing-control triads. 17 Next, considering the trends of geographic localization since 1976, we first observe that the sample size of control patents has increased dramatically. The surge took place most notably between 1986 and 1996, with the numbers tailing off somewhat in 2006. Note that TFK had only 2122 control patents to work with in producing their main result; the corresponding figures for our 1996 and 2006 cohorts are, respectively, 236091 and 236784.
The first trend that we observe is on the citing matching rate.
Finding 2. The frequency of geographic match between originating and citing patents has increased.
The matching rate of citing patents has increased at every geographic level and from each decade to the next. Between 1976 and 2006, the gain is about 12% at country level and about 6% at CMSA level; at state level, the matching rate almost doubled from 9.57% to 18.31%. This finding contradicts the widespread belief that geographic proximity has been made less important for the flow of ideas by the advent of internet and other new communication technologies. According to our data, distance still matters, and today it matters even more than before, when one considers diffusion of ideas through patent citations.
We next report the trend of control matching rates.
Finding 3. The frequency of geographic match between originating and control patents has increased at intra-national levels but decreased at international level.
Within each cohort, and for each definition of geographic boundary, the matching rate of control patents increases with the level of disaggregation. This is consistent with the view that producers with similar technologies are more likely to agglomerate.
Across cohorts, the control matching rates fell in almost all cases between 1976 and 1986, but they then trended upward at the two intra-national levels. For example, under the Common criterion, the control matching rate in 1976 was roughly 9% at state level and 7% at CMSA level; the corresponding figures in 2006 were 13% and 9%, respectively.
Interestingly, however, the same trend is not observed at country level: the frequency of control and originating patents simultaneously being domestic dropped monotonically for all measures of control. This suggests that production of knowledge has become increasingly co-located within the US, while the opposite may have been happening across international borders.
Our main results on the trend of localization effects are now summarized.
Finding 4. Localization effects are substantial and highly significant at all location and control levels in all cohorts of patents since 1986.
Importantly, we observe significant localization effects in every cohort and for every control measure since the 1986 cohort. This includes even the most disaggregated level of control selection, for which localization effects were not found in the 1976 cohort. The strength of localization effects is also substantial and highly significant (well above the 95% critical value). Despite the intensification of pre-existing geographic distribution of patent production, the increase in localization of citations has indeed been the dominating force.
Finding 5. Localization effects have strengthened.
Moreover, localization of knowledge spillovers has strengthened over the decades. Figure  1 illustrates the localization effects across cohorts which are also presented by Table 2 in proportional terms. At every geographic level, the difference between citation and control matching rates is greater in 2006 than in 1976, regardless of the selected controls. This trend appears to be more profound for the cases that had relatively low levels of localization to begin with. Considering the country-level effects, the citing patents were about 13% more localized according to 3-digit controls and 8% more localized according to the most disaggregated controls than the control patents in the 1976 cohort; these figures rose to 32% and 26%, respectively, in the 2006 cohort. When controls were selected under the most stringent criteria, intra-national localization effects leaped from only about 9% in 1976 to over 30% in 2006 at both state and CMSA levels.
4.3.
Other Robustness Considerations. The aggregate number of patents has grown dramatically in recent decades. Many have argued that this is, at least in part, due to declining standards at the USPTO (e.g. Jaffe and Lerner, 2004) . If marginal innovations are more likely to be adopted locally than nationally, declining average quality will be reflected in growing apparent localization.
To address this potential concern, we additionally consider localization trends for "quality-constant" patents. Specifically, from each sample cohort of originating patents, we restrict attention to those which were in the top 10% of the forward citation distribution and retrieve corresponding citing and control patents according to the procedures described above.
Due to ties, the precise distributional cutoff varies slightly from 10%. All other sample selection procedures remain the same. The basic features of the restricted sample of originating patents are given in Table 3, while Table 4 summarizes the localization effects computed for each cohort with new sample patents. Our results turn out to be robust. Another issue that may have created a bias in our results relates to the method of assigning location to multi-inventor patents. Following TFK, we allocated such patents randomly if inventors are in different geographical locations. However, the average number of inventors per patent has increased over time, and therefore, the random allocation rule may have generated a measurement error that has become more severe.
To check for robustness against this issue, we replicate our results-with all sample patents and with most cited patents, respectively-by adopting an alternative allocation rule based on plurality, as used by JTH. Again, our central message is unaffected. See Appendix D for details.
Disaggregate Trends
5.1. Comparison by State. Our previous findings on the patterns of knowledge spillovers treat all locations identically. We next explore possible heterogeneity in localization effects across states. Over 60% of all utility patents granted to domestic inventors across the sample period were concentrated in less than 10 states; furthermore, Californian inventors have been by far the most prolific, and they have actually widened their lead in patent production. 18 This raises the question whether our results are driven by disproportionately large localization effects that have taken place in some states.
The observed localization effects across states are summarized in Table 5 . For each cohort, we first report the frequency of patents that cite patents originating from a given state and are themselves from the state; we next report the matching rate of control patents selected according to the most disaggregated procedure (Common). The results are also illustrated in Figure 2 . In each graph, a point indicates the pair of matching rates for a given state; also, the points vary in size, reflecting their corresponding sample size (as a proportion of the total). The dotted line in each graph represents equal matching rates so that the vertical distance above this line measures localization effect.
For the 1976 cohort, we do not observe substantial differences between the two matching rates for most of the states, similarly to the state-level findings from the aggregate sample. The 1986 cohort displays stronger localization effects across most states. The differences are large in many states including California, New York, Illinois, Minnesota, and Michigan.
An interesting trend that followed concerns the distribution of observations. Through the 1996 and 2006 cohorts, both citing and control matching rates became substantially more dispersed across states. This trend was led by a handful of states, including California, Michigan, Nevada, and Texas. In the 2006 cohort, we also observe a small number of states with large control matching rates that far exceed citing matching rates.
Tables A6 and A7 in Appendix E report detailed breakdown of matching rates for California and the rest of the US, respectively. While Californian inventors have been the key driving force behind greater localization of economic activities reflected in patents, our central findings are also observed for the rest of the country. Albeit in smaller scale, , it is worth checking the geographic patterns of patent citations across different industries. Another reason to break down localization effects by industry is to explore a potential source of divergence in the "home bias" in localization of patent production. We report the localization trends in terms of NBER's six industrial categories under which the 37 sub-categories are nested: chemical, computer and communication, drugs and medicine, electronic, mechanical, and others. The detailed results (obtained with Common controls and for each geographic level) are given in Table 6 and also illustrated in Figures A1-A3 of Appendix E.
Let us first examine industry-wide localization trends at country level, where our aggregate analysis showed increasing localization of citations but diminishing localization of controls. Our data clearly reveal growing localization effects across all industry categories (see Figure A1 ). In each cohort, the magnitude of localization effects is relatively uniform; also, the range of citing matching rates has remained relatively stable. Interestingly, however, the dispersion of control matching rates across industries has steadily widened over the sample decades. The fall in agglomeration of patent production in the "electronic" industry is particularly striking.
At intra-national level, localization effects have grown for all industries in almost all cases. The only exceptions are "mechanical" and "others" in the 2006 cohort at state and CMSA levels, where such effects are statistically insignificant. Again, the distribution of control matching rates has become considerably more scattered, and this is mostly due to greater clustering of research activities in "drugs and medicine," "mechanical," and "others" (see Figures A2 and A3) .
Given the importance of California, we in addition break down Californian patents by industries and present the results in Figure A4 in Appendix E. The citing patents from California have increasingly become more localized than the corresponding control patents across all industries, except for "others" in 2006. 
Concluding Discussion
This paper reports strong evidence of significant and growing localization effects of knowledge spillovers. Our analysis is based on patent citations within and across the US over the period of 1976-2015. The results are robust to multiple methods of proxying the existing geography of knowledge production. Other robustness checks include restricting attention to most cited patents to control for declining average quality.
Since localization of knowledge spillovers is a critical determinant of spatial inequality in long-run growth (e.g. Baldwin and Martin, 2004; Duranton and Puga, 2004) , our findings offer important policy implications. 19 They are also surprising given the rapid globalization and development of communication technologies witnessed in recent decades.
There is no doubt that information now travels at an unprecedented level of precision and speed. Patents and other scholarly publications are digitized and alerted around the world immediately upon publication. Wasn't the IT revolution supposed to bring down the frictions and usher in a new era of convergence? Why then has the "death of distance" not materialized?
Identifying the source of greater localization of knowledge spillovers is the major outstanding question from the current study. Perhaps high quality ideas have become harder to come by (e.g. Bloom, Jones, Van Reenen, and Webb, 2017) , or the increasing use of patents, or patent thickets, as a means to deter competitive entry (e.g. Shapiro, 2000; Hall and Ziedonis, 2001) has dampened the intensity of diffusion altogether. Another possibility, as documented by Autor, Dorn, Katz, Patterson, and Van Reenen (2017a,b) , is that market concentration has been rising in the US. If a few large firms are generating more of the patents then this could be a reason for why the spillover effects remain localized. 20 One could also exploit the state-sector variations in localization effects which have indeed intensified over the years. The extensive literature on innovation and knowledge spillovers suggest a number of further directions, from the role of universities (e.g. Jaffe, 1989) to the composition of the stock of knowledge (e.g. Antonelli, Crespi, Mongeau, and Scellato, 2017) . If these aspects of knowledge production are becoming more unequal then this could also provide clues as to why we observe increased localization effects.
Finally, the trends in inter national spillover effects turn out to be different from their intranational counterparts. In particular, we observe declining frequency of geographic match between control and originating patents within the US, which is consistent with accelerating globalization. However, globalization may have contributed to diffusion of knowledge in ways not captured by patent citations, for instance, via unauthorized piracy and knockoffs in the informal economy. 21 
